This paper presents a sugarcane harvest prediction system at the level of a sugarcane growing area based on simulations of a semi-mechanistic daily time-step crop growth model and a multivariate regression. The regression's predictors are the output values of the model's simulations, and the predicted variable is the yield translated into production by multiplication with the cultivated area. The regression is computed by partial least squares regression on historical observed yield values. All the components of the prediction system are embedded in an open source web information system, connected to a network of automatic weather stations. The data needed by the crop growth model and the regression procedure are automatically extracted from the information system databases. The calculations are triggered and displayed on a web user interface. We present the performance of this prediction system applied in Reunion Island on the five sugarcane growing areas with 14 years of production history. We show that it is more accurate than the conventional sugarcane sampling-based prediction method, with less than 5% error at the entire island level, and provides earlier reliable predictions. The SHARP system is cost effective and designed to be used as a turnkey tool for the sugarcane industry decision makers.
Introduction
In agriculture, harvest forecasting is a key step in the production process. It determines the organization of the harvest of industrial crops, the operation of processing units, the market prices of products and therefore the optimization of the marketing strategy. It is also a valuable aid in the management of food security at the regional or national level helping to anticipate the volumes of food to import or export ( [1] ). It is important in these circumstances that the decision makers have timely and reliable information. In the sugarcane industry, harvest forecasting is relatively well managed on estates with large sugarcane plantations. However, it is complicated and labour intensive in areas where sugarcane is produced on many smallholdings for which the cultivated area, the crop vegetative and health status, field practices, etc. are seldom accurately known. In these conditions, it is very hard to cost-effectively and accurately forecast the total biomass of cane to harvest. Empirical models are sometimes used to correlate rainfall with sugarcane yield ( [2] ), but the accuracy of these models does not always meet users' requirements. Many crop growth models have been developed in the past 30 years ( [3] ; [4] ). They have been widely used for yield forecasting purposes. Most of these studies propose a yield calculation that is simulated on the harvest date using recorded meteorological data supplemented by weather forecasts ( [5] ). More sophisticated yield forecasting systems using remote sensing data have also been developed to initialize and adjust crop models ( [6] ). In this paper we propose a simple, robust and inexpensive sugarcane harvest forecasting solution called SHARP (Sugarcane HARvest Prediction) where no data, financial or technical resources are available for implementing these sophisticated forecasting systems. Web-based and updated in real time, it is based on actual meteorological data and a crop growth simulation model that provides the explanatory variables of a linear regression calculated by the Partial Least Squares (PLS) method ( [7] ). The model is connected to an information system that collects real time meteorological data from an automatic weather stations network. The regression computation is entrusted to the R statistical computing software ( [8] ). All the computations are automated and triggered on demand by the user from a web user interface.
Material and methods

Data
The yield prediction system presented here is illustrated from the example of the sugarcane industry in Reunion Island, a French overseas territory of 2,500 square kilometres and about 800,000 inhabitants, located in the Indian Ocean, off the eastern coast of Madagascar.
Benefiting from a tropical climate, ranging from humid to dry tropical, its first sector of activities is agriculture, with sugarcane crops occupying nearly 60% of the cultivated area, or about 25,000 ha.
Sugarcane is grown on 4 000 smallholdings, ranging from 5 to 20 ha, delivering their production to 13 transloading stations distributed in the 5 sugarcane growing areas (see Figure 1 ). The sugar is extracted and produced by two sugar factories. The strong interannual climate variability added to the fragmentation of the production makes it very difficult to forecast the sugarcane production. We had access to historical production data (tonnage and cultivated area) from 1998 to 2011, recorded at the sugarcane growing area level, and 8 automatic weather stations. Figure 2 shows the evolution of two output biomass variables (leaf area index and above ground dry matter) for a crop grown in 2011-2012. 
The sugarcane crop growth model MOSICAS
Regression procedure
We assume that we can model the actual cane yield through a multivariate regression model (Eq. We show in this paper that using the MOSICAS model output variables as predictor variables X i , the residual standard deviation is small enough to predict the cane yield Y with a good accuracy. The predictors are computed with actual climatic data coming from the automatic weather stations. They are downloaded and validated every day by the French Weather Service and inserted into a central climatic database.
We considered each growing area as single (virtual) field, having the average characteristics of the area (soil depth, weather, R570 sugarcane variety, etc…) and simulated the growth of each growing area. We identified 1 to 3 reference stations to account for the climate of each growing area (see Figure 1 ) and kept the mean value of the climatic measured variables. The period of computation begins at the date of harvest of half the total tonnage of the previous harvest campaign and ends at the day of forecast (usually the day of the latest available climatic data) (see Figure 3) . We keep the output variables values of the last day of the simulation as predictors' values for Eq. 1. Data used in the regression consist of the observed yield and the simulated crop growth variables of the years ranging from 1998 to 2011. We ran the model so as to simulate the crop growth of the 5 virtual fields every year of the dataset.
Partial least squares regression
The regression model's role is to fill-in the gaps between 1-yield computed at d-day and the yield measured at the harvest, and 2-theoretical crop growth simulation and actual growth in farm fields. Regression based-approaches have a common limitation. They make the hypothesis that the predictors are independent (not correlated) ( [10] ). In our case, and especially where there are many predictors, this assumption is not respected. For example the stalk height is actually highly correlated with the dry matter or the cumulated rainfall. Applying a "classical" least square multiple regression methods such as forward or stepwise regression may results in overfitting the model to the data (hence reducing its predictive power) and high instability of the equation (choice of predictors and regression coefficients may be very sensitive to slight variations in the dataset).
To overcome these limitations, Structural Equation Modeling approaches have been developed ([11]). Principle Component regression ([12]) and Partial Least
Squares (PLS) regression ( [7] ) are one of these techniques. We decided to use PLS technique as it is more suitable for prediction purposes when there are a large number of highly correlated predictors. Its principle is to maximize the variance of the dependent variable explained by the independent ones computed from linear combination of the initial predictors.
Estimation of the error of prediction
We use the quadratic error as a measurement of the accuracy of the models. That is to say the square of the error between the estimated sugarcane yield value and the measured yield value (Eq. 2). We calculated this error by leave-one-out cross validation over every year of the dataset.
Eq.2 with MSE: mean square error; n: number of years in the dataset; Y obs : observed yield; Y pred : predicted yield
We translated this error into coefficient of variation by dividing its root square by the mean of the observed yield (Eq. 3).
Eq. 3
For ease of interpretation by the decision makers we translated the yield into production by multiplying it with the sugarcane cultivated area of the growing areas.
Information system and computation procedure
To make this system automatic and accessible to most industry players, we developed a web information system that hosts the climatic database, a sugarcane business production Figure 4 shows the organization chart of the different components of the SHARP tool. From the SHARP web user interface, the user can select the growing area(s) to compute the prediction for, and the years for which the production data is used to fit the regression model and evaluate the prediction error ( Figure  5 ). The user triggers the crop growth simulations by the MOSICAS model from the user interface, followed by the regression model(s) computation. An R script containing the command lines to compute the regression model(s) and the associated prediction error is sent to the R software by the Apache web server thanks to the rApache module ( [14] ). The results of the computations are stored in a table of the information system. The SHARP user interface displays the results in a tabular form (see Figure 6 ). The total computation time is very short, of the order of a few seconds.
Results and discussion
We have run the SHARP tool to compute the sugarcane production prediction from year 1998 to 2011. The harvest campaign usually begins in mid-July. We tested the SHARP tool on July 1, 2 weeks before the beginning of the harvest campaign so as to simulate real prediction conditions. Figure 7 shows the mean prediction error evaluated by leave-one-out method over the 14 years for each of the five growing areas, for a prediction computed on July 1. The error is comprised between 4.5 and 9.4%. The Savanna growing area has the largest error. As a matter of fact, this area is very heterogeneous in terms of agricultural techniques (irrigation, mechanization…) and has been the subject of many changes in recent years. As a consequence the historical production data used for this growing area are not all representative of the current sugarcane production and may introduce a bias in the regression model.
The mean error of the five growing area is 6.8%. It is higher than the 5% usually expected, but it is a very honourable performance taking into account the limited information field used. Moreover it is the only harvest prediction tool available in Reunion Island at the growing area level. We computed the prediction at different dates, from 1 st of April to 1 st of August. Figure 8 shows the mean prediction error over the 5 growing areas. The error remains remarkably constant irrespective of the date of the computation, allowing the prediction to be calculated relatively early without degradation of accuracy.
The existing prediction system currently used in Reunion Island is the conventional sampling-based expert prediction method applied every year by extension officers on a few reference fields. The predictions are provided at the level of the factories and the entire island. For comparison with this method we aggregated SHARP's predictions computed on July 1 at the levels of the sugar factories and the entire island and computed the prediction error with the observed production at these levels. The mean error is reduced to about 5% at the level of the factories and 4.6% at the level of the island (Figure 9 ). This accuracy is highly satisfactory for decision making. It is better than the accuracy of the conventional method with an error of 7.5% at the level of the factories and 6.1% at the level of the island. With higher accuracy SHARP offers primarily a pushbutton solution and a cheaper and earlier response than the conventional method to predict the sugarcane volume to harvest. It can be advantageously used by the sugarcane industry to optimize harvesting operations. 
Conclusion
This article showed that it is possible to develop an accurate, automatic, online real-time and low cost yield prediction system by leveraging existing computer tools and mathematical solutions. Taking advantage of advanced statistical processing and agronomic models, the final product is more accurate than the conventional sampling prediction system and is much cheaper as it does not require human resources. Predictions can be updated at will to integrate the latest climate data, and are accessible to all supply chain partners through the Internet. Moreover, the accuracy of the predictions increases every year as the dataset grows with new observations. Based on open source computer applications, the SHARP turnkey tool can be implemented in any country or sugarcane production region at no extra license cost, provided there are some automatic weather stations and a sugarcane production history available.
